Magnetic resonance imaging (MRI) can be used to detect lesions in the brains of multiple sclerosis (MS) patients and is essential for diagnosing the disease and monitoring its progression. In practice, lesion load is often quantified by either manual or semi-automated segmentation of MRI, which is time-consuming, costly, and associated with large inter-and intra-observer variability. We propose OASIS is Automated Statistical Inference for Segmentation (OASIS), an automated statistical method for segmenting MS lesions in MRI studies. We use logistic regression models incorporating multiple MRI modalities to estimate voxel-level probabilities of lesion presence. Intensity-normalized T1-weighted, T2-weighted, fluid-attenuated inversion recovery and proton density volumes from 131 MRI studies (98 MS subjects, 33 healthy subjects) with manual lesion segmentations were used to train and validate our model. Within this set, OASIS detected lesions with a partial area under the receiver operating characteristic curve for clinically relevant false positive rates of 1% and below of 0.59% (95% CI; [0.50%, 0.67%]) at the voxel level. An experienced MS neuroradiologist compared these segmentations to those produced by LesionTOADS, an image segmentation software that provides segmentation of both lesions and normal brain structures. For lesions, OASIS out-performed LesionTOADS in 74% (95% CI: [65%, 82%]) of cases for the 98 MS subjects. To further validate the method, we applied OASIS to 169 MRI studies acquired at a separate center. The neuroradiologist again compared the OASIS segmentations to those from LesionTOADS. For lesions, OASIS ranked higher than LesionTOADS in 77% (95% CI: [71%, 83%]) of cases. For a randomly selected subset of 50 of these studies, one additional radiologist and one neurologist also scored the images. Within this set, the neuroradiologist ranked OASIS higher than LesionTOADS in 76% (95% CI: [64%, 88%]) of cases, the neurologist 66% (95% CI: [52%, 78%]) and the radiologist 52% (95% CI: [38%, 66%]). OASIS obtains the estimated probability for each voxel to be part of a lesion by weighting each imaging modality with coefficient weights. These coefficients are explicit, obtained using standard model fitting techniques, and can be reused in other imaging studies. This fully automated method allows sensitive and specific detection of lesion presence and may be rapidly applied to large collections of images.
Introduction
Multiple sclerosis (MS) is an inflammatory disease of the brain and spinal cord characterized by demyelinating lesions that are most easily identified, at least on magnetic resonance imaging (MRI) studies, in the white matter of the brain (Sahraian and Radue, 2007) . Quantitative analyses of MRI, such as the number and volume of lesions, are essential for diagnosing the disease and monitoring its progression (Rovira and León, 2008; Rovira et al., 2009) . MRI measures are also a common primary endpoint in phase II immunomodulatory drug therapy trials (Sormani et al., 2009) . In these trials, either manual or semiautomated segmentations are used to compute the total number of lesions and the total lesion volume (Lladó et al., 2011) . Manual delineation is challenging as three-dimensional information from several MRI modalities must be integrated (Lladó et al., 2011) . Manual assessment of MRI is also prone to large inter-and intra-observer variability (Simon et al., 2006) . While semi-automated methods have been found to decrease inter-and intra-rater variability, they still require manual reader input and are time consuming (García-Lorenzo et al., 2013) . Therefore a sensitive and specific automated method to detect lesions in the brain is essential for the analysis of studies with a high numbers of MS patients. Lladó et al. (2011) provides a comprehensive review of currently available automated cross-sectional MS lesion segmentation methods, or methods used to identify lesions from a single MRI study. We divide these methods into four categories: supervised classifier with an atlas, supervised classifier with no atlas, unsupervised classifier with an atlas, and unsupervised classifier with no atlas. We focus on supervised methods without atlases, as the method we propose is in this category. Supervised methods without atlases train on manually segmented images annotated by experts and use image intensities of MRI to classify lesions (Lladó et al., 2011) . Supervised classification algorithms are applied to the volumes: artificial neural networks (Goldberg-Zimring et al., 1998) , spatial clustering (Alfano et al., 2000) , k-nearest neighbors (Anbeek et al., 2004 (Anbeek et al., , 2005 (Anbeek et al., , 2008 , Parzen window , Parzen window and morphological grayscale reconstruction , Bayes (Scully et al., 2008) , AdaBoost (Morra et al., 2008) , simulated annealing and Markov random fields (Subbanna et al., 2009) , and graph cuts (Lecoeur et al., 2009 ). All of the aforementioned methods except Anbeek et al. (2008) use multi-modality MRI information to classify lesions. The most widely-used feature across all segmentation methods is voxel intensity, which derives strength from a multi-modality approach (Lladó et al., 2011) .
The method we propose uses a logistic regression model to assign voxel-level probabilities of lesion presence in structural MRI of patients with MS. Logistic regression models have been used for segmentation of brain tissues and pathology in MRI (Bullmore et al., 1999; Dinh et al., 2012; Lee et al., 2005) . For applications to MS, logistic regression has been used for detection of gadolinium enhancing lesions (Karimaghaloo et al., 2012) , prediction of gadolinium enhancing lesions without administering contrast agents (Shinohara et al., 2012) , and for segmentation of new and enlarging MS lesions (Sweeney et al., 2013) . To our knowledge logistic regression has not been used in cross-sectional segmentation of MS lesions in structural MRI.
One difficulty in automated segmentation of MRI is due to variable imaging acquisition parameters (Lladó et al., 2011) . All of the segmentation methods reviewed in Lladó et al. (2011) have tuning parameters that are adjusted to a particular data set and may not generalize to a new data set with different acquisition parameters. These parameters are not informed by the data and therefore must be tuned empirically, often with little to no interpretability of the parameter. Application to a new data set may require several iterations of segmentations to adjust the tuning parameters to values that produce acceptable segmentations. A method in which the tuning parameters are informed by the data and for which adjustments are intuitive and simple would therefore be valuable.
A second difficulty in intensity-based segmentation is that MRI data are acquired in arbitrary units; units can vary widely between and within imaging centers. These variations are attributed to scanner hardware, interactions between hardware and patients, and variations in acquisition parameters (Simmons et al., 1994) . Therefore, proper intensity normalization is essential in developing a generalizable segmentation method. Many of the segmentation methods use intensity-normalized volumes (Lladó et al., 2011) , but these methods do not demonstrate the generalizability of the normalization procedure to changes in imaging acquisition parameters and imaging centers. In García-Lorenzo et al. (2013) the authors performed a PubMed and Google Scholar search for MS lesion segmentation papers. Of the 47 papers that met their search criteria, only 13 of these papers used multicenter data for validation, and the largest database used for validation consisted of 41 subjects. To show generalizability, methods must be validated on multicenter data with many subjects.
A third difficulty is intensity inhomogeneity, the slow spatial intensity variations of the same tissue within an MRI volume. Inhomogeneity can significantly reduce the accuracy of image segmentation (Hou, 2006) , and therefore some form of spatial normalization is necessary for accurate lesion segmentation. Most lesion segmentation methods assume that these inhomogeneities have been corrected during image preprocessing, but we have found strong spatial patterns within tissue type even after the N3 inhomogeneity correction algorithm (Sled et al., 1998) is applied.
To address these and related problems, we propose OASIS is Automated Statistical Inference for Segmentation (OASIS), a fully automated, generalizable, and novel statistical method for cross-sectional MS lesion segmentation. Using intensity information from multiple modalities of MRI, a logistic regression model assigns voxel-level probabilities of lesion presence. After training on manual segmentations, the OASIS model produces interpretable results in the form of regression coefficients that can be applied to imaging studies quickly and easily. OASIS uses intensity-normalized brain MRI volumes, enabling the model to generalize to changes in scanner and acquisition sequence. OASIS also adjusts for intensity inhomogeneities that preprocessing bias field correction procedures do not remove, using smoothed volumes. This allows for more accurate segmentation of brain areas that are highly distorted by inhomogeneities, such as the cerebellum. One of the most practical properties of OASIS is that the method is fully transparent, easy to explain and implement, and simple to modify for new data sets.
To illustrate the generalizability of OASIS to changes in imaging acquisition parameters, we evaluated the performance of the algorithm on a total of 300 MRI studies from two separate imaging centers with varying acquisition parameters. This is a crucial criterion for assessing the generalizability and utility of the method.
Materials and methods
In this section we introduce OASIS, a method inspired by Subtraction Based Inference for Modeling and Estimation (SuBLIME), an automated method for the longitudinal segmentation of incident and enlarging MS lesions (Sweeney et al., 2013) . Before the OASIS logistic regression model is fit, a brain tissue mask is created, all MRI volumes are intensity normalized, and smoothed volumes are created to capture local spatial information and adjust for remaining field inhomogeneities. The OASIS method involves two iterations of model fitting: the first to perform an initial lesion segmentation and the second to use this initial lesion segmentation to remove lesions, which can distort the smoothed volumes. After the final model is fit, the regression coefficients are applied to produce three dimensional maps of voxellevel probabilities of lesion presence.
We evaluate the performance of OASIS on MRI volumes of the brain acquired with various acquisition protocols. We use data sets from two different imaging centers for validation, which we refer to as Validation Set 1 and Validation Set 2. Validation Set 1 has manual lesion segmentations. We trained the OASIS method on a subset of the studies in this dataset, and tested on the remaining studies. An expert evaluated the segmentations from Validation Set 1. Validation Set 2 is used to demonstrate generalizability to changes in image acquisition parameters. We applied the coefficients from the model trained on Validation Set 1 to the studies in Validation Set 2, and experts evaluated the OASIS lesion segmentations.
Study population
Validation Set 1 contains a total of 131 MRI studies from 131 subjects. Of these studies, 98 are from patients with MS and 33 are healthy volunteer scans. Of the 98 patients with MS, the median age is 44 years (IQR: [33, 54] ), 72 are female (26 male), and the median EDSS is 3.5 (IQR: [2, 6] ). The median age of the healthy volunteers is 34 (IQR: [28, 42] ) and 19 are female (14 male).
Validation Set 2 contains a total of 169 MRI studies from 149 subjects. Twenty subjects in Validation Set 2 have baseline and follow-up scans. The mean time between baseline and follow-up for these 20 subjects is 132 days (IQR: [51, 182] ). The subjects in the validation set are a mixture of healthy volunteers and patients: 110 of the patients have MS, 38 have other neurological diseases, and one is a healthy volunteer. The median age of the MS patients is 42 (IQR: [33, 50] ); 54 are female (56 male); 68 have relapsing remitting MS, 31 have primary progressive MS, and 11 have secondary progressive MS. The median age of the patients with other neurological diseases is 41 years, (IQR: [35, 51] ) and 8 are female (30 male). The healthy volunteer is a 28 year old female.
Experimental methods
T1-weighted, T2-weighted, fluid-attenuated inversion recovery (FLAIR) and proton density (PD) volumes were acquired for all subjects at each study, and all imaging protocols were approved by local institutional review boards. For Validation Set 1, 3DT1-MPRAGE images (repetition time (TR) = 10 ms; echo time (TE) = 6 ms; flip angle (FA) α = 8°; inversion time (TI) = 835 ms, resolution = 1.1 mm × 1.1 mm × 1.1 mm), 2D T2-weighted pre-contrast FLAIR images (TR = 11,000 ms; TE = 68 ms; TI = 2800 ms; in-plane resolution = 0.83 mm × 0.83 mm; slice thickness = 2.2 mm), T2-weighted and PD images (TR = 4200 ms; TE = 12/80 ms; resolution = 0.83 mm × 0.83 mm × 2.2 mm) were acquired on a 3 T MRI scanner (Philips Medical Systems, Best, The Netherlands).
For Validation Set 2, the 3D T2-weighted post-contrast FLAIR was acquired using a variable flip angle sequence, the 2D PD and T2-weighted volumes using a dual-echo fast-spin-echo sequence, and the 3D T1-weighted volume using an inversion-prepared fast spoiled gradient-echo sequence. These studies were acquired on a single 3 T MRI scanner (Signa Excite HDxt; GE Healthcare, Milwaukee, Wisconsin). Table 1 contains the ranges for the Validation Set 2 scanning parameters.
Image preprocessing
Before building our statistical model for the lesion segmentation, we preprocessed the images from Validation Set 1 and Validation Set 2 using the tools provided in Medical Image Processing Analysis and Visualization (MIPAV) (McAuliffe et al., 2001) , TOADS-CRUISE (http://www.nitrc.org/projects/toads-cruise/), and Java Image Science Toolkit (JIST) (Lucas et al., 2010) software packages. We first rigidly aligned the T1-weighted image of each subject into the Montreal Neurological Institute (MNI) standard space (voxel resolution1mm 3 ). We then registered the FLAIR, PD, and T2-weighted images of each subject to the aligned T1-weighted images. We also applied the N3 inhomogeneity correction algorithm (Sled et al., 1998) to all images and removed extracerebral voxels using SPECTRE, a skull-stripping procedure (Carass et al., 2011) .
Statistical modeling and spatial smoothing
We performed all statistical modeling in the R environment (version 2.12.0, R Foundation for Statistical Computing, Vienna, Austria) with the packages AnalyzeFMRI (Bordier et al., 2009) , biglm (Lumley, 2009) , ff (Adler et al., 2011) , and ROCR (Sing et al., 2009 ). We used the FSL tool fslmaths (http://www.fmrib.ox.ac.uk/fsl) for the three dimensional spatial smoothing of the volumes.
Brain tissue mask
The first step in OASIS is to create a mask of the brain that excludes cerebrospinal fluid (CSF). CSF is excluded because it disrupts the capture of the inhomogeneity field and distorts the representation of the local cerebral features when creating smoothed volumes. To make this mask, we used the extracerebral voxel removal mask described in the Image Preprocessing Section and excluded voxels in the mask that appear hypointense in the FLAIR volume. Because CSF is hypointense in the FLAIR, we empirically found that excluding voxels falling below the bottom 15th percentile of FLAIR intensities over the extracerebral voxel removal mask removes CSF outside of the brain and in the ventricles. We refer to this mask as the brain tissue mask. Fig. 2B1 shows a slice of the brain tissue mask for a particular subject for illustration.
Intensity normalization
We used intensities from the FLAIR, PD, T2-weighted, and T1weighted volumes to identify the presence of MS lesions. We denote the observed intensity of voxel v, for subject i by:
where M indicates the imaging sequence. MRI volumes are acquired in arbitrary units. Analyzing images across subjects and imaging centers requires that images be normalized so that voxel intensities have common interpretations. For normalization, we adapt the normalization method from Shinohara et al. (2011) to normalization with respect to the brain tissue mask. The normalized intensity of voxel v, for subject i is denoted by:
where μ i,M 0 and σ i,M 0 are the mean and standard deviation of the observed voxel intensities in the brain tissue mask of subject i, from sequence M. The normalized voxel intensities are standard scores of the brain tissue mask. Fig. 1A shows a slice of the normalized images from all four modalities from a single subject with MS: FLAIR, T2-weighted, PD, and T1-weighted.
Smoothed volumes
To account for intensity inhomogeneities that remain after initial inhomogeneity correction, we use a sequence of multiresolution smoothed volumes, obtained using different levels of smoothing. The smoothed volumes are created by three dimensional smoothing of the normalized volume from each modality over the brain tissue mask. A Gaussian smoother with relatively large kernel window size is used to smooth over the features in the brain and capture the pattern of the remaining inhomogeneity.
For subject i and imaging modality M, let k be the size of the kernel window. Then the intensity in voxel v of the smoothed volume of imaging modality M is expressed as GM N i v; k ð Þ. The smoothed volumes are used in the OASIS model to incorporate spatial information and to account for inhomogeneities in the brain that persist after N3 correction. For OASIS we use smoothed volumes as covariates with kernel window sizes of 10 and 20 voxels, which were found empirically on Validation Set 1 to work well. Fig. 2 shows the smoothed volumes for both kernel window sizes of 10 and 20 from each modality. The kernel window size of 20 smooths over the anatomical features almost completely, while the kernel window size of 10 still preserves some of these features, such as the hyperintensities of the gray matter in the FLAIR, T2-weighted, and PD volumes and hypointensities of the gray matter in the T1-weighted volume.
OASIS is Automated Statistical Inference for Segmentation
In this section we introduce the OASIS model. OASIS uses logistic regression to model the probability that a voxel is part of a lesion. We choose logistic regression because it is extremely simple and easy to interpret. We model lesions at the voxel level using FLAIR, PD, T2-weighted, and T1-weighted intensities as well as the intensities from the smoothed volumes of each modality with kernel window sizes of 10 and 20 voxels. The model must be trained on a gold standard measure of lesion presence. Fig. 1D is an example of manual lesion segmentation, which is an appropriate gold standard measure for the OASIS model. The result of our model is a collection of coefficients that can be used to create three-dimensional maps of the probabilities of lesion presence. OASIS obtains the estimated logit of the probability of each voxel being part of a lesion by weighting these 12 images (the four imaging modalities and smoothed volumes for each modality) with the coefficients.
The first step of the modeling procedure is to select candidate voxels to minimize false positives and computation time. Lesions appear as hyperintensities in the FLAIR volume. The brain tissue mask was applied to the FLAIR volume, and the 85th percentile and above of voxels in the brain tissue mask were selected as candidate voxels for lesion presence. In Validation Set 1, there were a total of 1,093,394 lesion voxels (a Fig. 1 . A. Axial slice from different modalities of intensity normalized brain MRI of a single subject: A1. FLAIR image. A2. T2-weighted image. A3. PD image. A4. T1-weighted image. B. Brain tissue mask of an axial slice of the brain. C. Axial slice of select voxels for OASIS modeling. D. Manual lesion segmentation of an axial slice of the brain. E. Axial slice of brain tissue mask with dilated lesion mask made at a false positive rate of 1% removed. F. Axial slice of the smoothed probability map with intensity scale. G. Binary segmentation of the probability map from the OASIS model at false positive rate of .005 overlaid on the FLAIR image. volume of 1093 cm 3 ). The voxel selection procedure excluded 64,556 (6%) of these voxels, but lowered the searchable area to 15% of the original size. This procedure also decreases the number of potential false positive voxels. Using this threshold also significantly decreases the number of voxels the model must be fit on, allowing for a much faster fit. Fig. 1C shows a slice of the voxel selection mask for a single subject.
We then fit a voxel-level logistic regression model over the candidate voxels. In the OASIS model, the probability that a voxel is part of a lesion is represented as P{L i (v) = 1}, where L is a random variable denoting voxel-level lesion presence. If there is a lesion in voxel v for subject i, then L i (v) = 1. Otherwise, L i (v) = 0. The probability that a voxel v contains lesion incidence is modeled with the following logistic regression model:
The effect of magnetic field inhomogeneities is thought to be multiplicative, so we use the interactions between the normalized volume and the smoothed volume in the model.
OASIS model refinement
The second iteration of the OASIS model fitting is done to reduce the influence of lesions in the smoothed volumes. First, we fit the model and use the estimated coefficients to create maps of the estimated probability of lesion presence at each voxel. To incorporate spatial information of the neighboring voxels and reduce noise, we smooth the estimated probabilities from the model using a Gaussian kernel with window size of 3 mm. This kernel size was empirically chosen and found to perform well. The resulting probability maps were then thresholded using a liberal false positive rate of 1% (threshold value of 0.10), which resulted in model based hard segmentations of lesions. These lesion masks were then dilated by 5 voxels to ensure that the entire lesion was captured and removed from the brain tissue mask. Fig. 1E shows the brain tissue mask with the lesions removed. New smoothed volumes were created by applying a Gaussian smoother with kernel window sizes of 10 and 20 to the normalized image from each modality over the brain tissue mask with the lesions removed. We inpainted the smoothed volumes to fill the places where lesions were removed with the values we would expect in this area if it were occupied by normal, healthy tissue.
The intensity in voxel v of the normalized image after the second Gaussian smoother has been applied is labeled as, G 2 M N i v; k ð Þ. Fig. 3 shows an axial slice for a subject of the FLAIR volume and the smoothed volume for this image with kernel window sizes of 10 and 20 before and after the lesions were removed. To link the figure with the notation, Fig The lesions are captured in the first smoothed volume, especially with the kernel size of 10, but are not captured in the second smoothed volume. The model [1] was refit over the same voxels using the second smoothed volume to obtain the final coefficients that are used to create the final probability maps. Again, the final estimated probabilities are smoothed using a Gaussian kernel with window size of 3 mm. Fig. 1F shows a slice of the probability map for a subject and a scale of intensities. Red indicates areas with a higher probability of being a lesion and blue indicates areas with a lower probability of being a lesion.
Probability map and binary segmentation
Using this fitted model to generate a probability map for the entire brain from a set of new images takes about 30 min for each study using a standard workstation. The Gaussian smoothing is the slowest step of the algorithm and takes approximately one minute for each volume. These computations can be parallelized to take substantially less time; the entire algorithm can be run in approximately 5 min with 8 cores. To make a probability map for a new study, the two sets of regression coefficients, a brain mask, and the FLAIR, PD, T2-weighted, and T1-weighted volumes are required. Using populationlevel thresholds, the probability maps from OASIS can be used to create hard segmentations of lesion presence. Fig. 1G shows a slice of a hard segmentation overlaid on the FLAIR image. A summary of how to apply the OASIS method to a new MRI study can be found in the Appendix.
Validation with gold standard: Validation Set 1
Validation Set 1, described in detail in the Materials and methods section, consists of 131 MRI studies: 98 studies from MS subjects and 33 studies from healthy subjects. To fit the model and to measure performance, we required a set of data in which the outcome is assessed using a gold standard measure. The gold standard was obtained using manual segmentation by a technologist with more than 10 years of experience in delineating white matter lesions. The technologist spent between 30 min to an hour segmenting each study, depending on the lesion load and distribution. The majority of the studies had at least moderate pathology and therefore took between 45 min to an hour. The segmentations were made from the FLAIR and T1-weighted volumes. Fig. 1D shows a manually segmented slice for a subject. The mean volume of lesions for MS subjects in Validation Set 1 is 11.2 cm 3 (IQR: [1.7 cm 3 , 16.6 cm 3 ]). It was assumed that the healthy subjects did not have any lesions.
To evaluate the performance of our model within Validation Set 1, we trained the model [1] on 20 randomly selected subjects (15 MS subjects and 5 healthy subjects) and tested on the remaining 111 subjects (83 MS subjects and 28 healthy subjects). We used only the studies from the 111 subjects in this test set to estimate the voxel-level receiver operating characteristic (ROC) curve and area under the curve (AUC). These performance measures are known to be susceptible to instability. To account for this, we nonparametrically bootstrapped with replacement the subjects to the training and testing sets. We then fit the model on the training set and observed the performance of the model in the testing set.
It is known that the full AUC summarizes test performance over regions of the ROC space that are not clinically relevant for lesion segmentation (Sweeney et al., 2013) . Once a test has been able to distinguish well between disease and not disease, the performance of the test for particular applications must be evaluated, in which case one may be interested in only a small portion of the ROC curve (Obuchowski, 2003) . In this particular application we are interested in using the lesion segmentation to identify lesions and to provide accurate estimations of lesion volumes. The mean lesion volume of manual lesion segmentations from Validation Set 1 is 11.2 cm 3 (IQR [1.7 cm 3 , 16.6 cm 3 ]). For the entire brain, a false positive rate of .01 would correspond to a volume of 12.8 cm 3 of healthy brain being falsely identified as lesion, which is more than the mean lesion volume in Validation Set 1. Therefore we examined only false positive rates below 1%. We provide the partial ROC curve with bootstrapped 95% confidence bands for clinically relevant false positive rates of 1% and below.
Validation with expert rankings: Validation Set 1 and Validation Set 2
For the studies in Validation Set 2, gold standard segmentations were not available. To evaluate the performance of OASIS on Validation Set 2, three experts (a neuroradiologist, neurologist, and radiologist) compared OASIS segmentations to those from LesionTOADS, an opensource lesion segmentation software (http://www.nitrc.org/projects/ toads-cruise/), (Shiee et al., 2008a (Shiee et al., ,b, 2010 . Validation Set 2, described in detail in the Materials and methods section, consists of 169 MRI studies of 149 subjects, 20 of whom had follow-up visits. These studies were acquired using a variety of imaging protocols. For the OASIS algorithm, the only parameter that must be tuned when moving to a new dataset is the population-level threshold. For Validation Set 2 we used the coefficients that were trained on Validation Set 1 and then empirically adjusted the population level threshold for Validation Set 2. To adjust this threshold, we randomly sampled 10 subjects from Validation Set 2. We applied thresholds between 0.10 and 0.50 (by increments of 0.05) to the probability maps, examined the segmentation, and empirically chose a threshold of 0.35 for Validation Set 2. This threshold adjustment is very fast and transparent. We ran the segmentations for the 10 subjects in parallel, and each segmentation took less than 5 min. Next, we thresholded the probability maps at the 9 different thresholds, which took only seconds. Last, we looked through the segmentations and the original images to select the optimal (most reasonable) threshold, which took only about a minute for each subject. The entire process of tuning the threshold took less than an hour and involved only 10 min of manual image examination. This procedure only needs to be performed once when moving to a new imaging center or study. For the segmentation comparison, we presented the three experts with segmentations at the threshold value of 0.35 on all of the images in Validation Set 2 as well as at the threshold from Validation Set 1 with a false positive rate of 0.005, a threshold value of 0.16. We will refer to the threshold value of 0.35 as the empirically adjusted threshold and the threshold value of 0.16 as the Validation Set 1 threshold.
We compared both OASIS segmentations to the segmentations produced by the open source software LesionTOADS. We ran LesionTOADS with T1-weighted and FLAIR inputs and the default parameters. We adjusted the smoothing parameter from 0.2 to 0.4 because we empirically found this to improve the quality of the segmentations. It is important to note that LesionTOADS not only segments lesions, but also segments the other tissue classes of the brain. For this analysis, we only used the lesion segmentations.
We designed an image rating system to evaluate the performance of the two segmentation algorithms. For each of the 169 studies, we had three segmentations: the LesionTOADS segmentation, the OASIS segmentation with the threshold from Validation Set 1, and the OASIS segmentation with the empirically adjusted threshold. We also randomly selected 20 of the MRI studies and created duplicates of these to assess rating reliability, for a total of 189 studies. We randomized the order in which the segmentations were presented to the experts and randomly assigned each segmentation a letter: A, B, or C, so as to blind the rater to the segmentation algorithm.
We presented each of the 189 MRI studies to an experienced MS neuroradiologist. For each study, the neuroradiologist examined the set of three segmentations along with the original FLAIR, PD, T1-weighted, and T2-weighted volumes. The neuroradiologist then scored the performance of each of the segmentations on a continuous scale from 0 to 100, with 0 being an unusable lesion segmentation and 100 being a perfect segmentation. The neuroradiologist was presented all three segmentations simultaneously, so that scores were assigned relative to one another. Fifty of the studies were selected to be scored with the same system by a neurologist with a subspecialty in MS and a general radiologist in order to assess rater agreement among the three raters. The 50 studies were comprised of 45 randomly selected studies with 5 of the studies repeated to assess rater reliability.
The neuroradiologist also compared and scored the OASIS and LesionTOADS segmentations from the studies for the 98 MS patients in Validation Set 1. This allows for comparison of the performance of the segmentations on Validation Set 1 and Validation Set 2.
Experimental results

Validation Set 1: training with gold standard
The OASIS model has an estimated full AUC of 98% (95% CI; [96%, 99%]) and a partial AUC for clinically relevant false positive rates of 1% and below of 0.59% (95% CI; [0.50%, 0.67%]) in the test set. Fig. 4 shows the voxel-level partial ROC curve for the test set with bootstrapped 95% confidence bands for clinically relevant false positive rates. The probability map threshold that corresponds to a false positive rate of 1% is 0.10. The vertical axis of the partial ROC curve shows the true positive rate (sensitivity) for thresholds between 0 and 0.10 of the probability map and the horizontal axis shows the false positive rate (1specificity) for these thresholds.
The coefficients from fitting the logistic model [1] over all 131 studies in Validation Set 1, a total of 24 million voxels, are reported in the Appendix. The coefficients from the first and second fit of the model are provided. We also assessed the variation in the coefficients by nonparametrically bootstrapping the subjects with replacement. The bootstrapped 95% confidence intervals for the coefficients can be found in the Appendix. The variance of these coefficients is large in comparison to the estimates of the coefficients. The instability in the coefficients does not impact the performance of OASIS, as illustrated in the stability of the partial ROC curve.
Choosing a final threshold value after the second probability maps are made is a tradeoff between sensitivity and specificity. OASIS is flexible, and the appropriate false positive rate may be selected for a particular application. Table 2 shows the threshold values, sensitivity, and dice similarity coefficient (Dice, 1945) for four different false positive rates for the model fit over all of the studies in Validation Set 1. OASIS detected lesions in many of the healthy subjects. Table 3 shows the mean volume of false positive lesions detected in the healthy and MS subjects for the four threshold values from Table 2 . The volume of false positives for both the MS and healthy subjects is comparable.
Validation Set 1: neuroradiologist rating results
For the neuroradiologist rankings of the OASIS and LesionTOADS segmentations for the 98 MS subjects in Validation Set 1, we performed a paired t-test to assess the difference in the means of the OASIS segmentations and the LesionTOADS scores. This difference was found to be 12.6, with a 95% confidence interval of (9.6, 15.8), p-value b 10 −12 . The OASIS empirical threshold was ranked higher Fig. 4 . Partial ROC curve for the voxel-level detection of lesions in the testing set of Validation Set 1 for different thresholds of the probability maps produced from OASIS for clinically relevant false positive rates of 1% and below. Bootstrapped 95% confidence bands are also provided. The vertical axis of the partial ROC curve shows the true positive rate (sensitivity) for a given threshold of the probability map and the horizontal axis shows the false positive rate (1specificity) for this threshold.
than LesionTOADS segmentation in 73 (95% CI: [64, 81] ) of the 98 studies or 74%(95% CI: [65%, 82%]). We nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for the rankings. Table 4 contains summary statistics for the scores from the neuroradiologist ratings of the three segmentations for all 189 studies. The OASIS Validation Set 1 threshold segmentations and the LesionTOADS segmentations have a much lower first quantile than the OASIS empirical threshold segmentations. For this analysis we focus mainly on the difference between the OASIS empirical threshold and the LesionTOADS segmentation, as the OASIS Validation Set 1 threshold did not perform well on this new data set. This was expected, as the probability map threshold needs to be adjusted to maintain the same false positive rate when moving to a new data set. We performed a paired t-test to assess the difference in the means of the OASIS empirical threshold scores and the LesionTOADS scores. This difference was found to be 16.6, with a 95% confidence interval of (13.3, 20.0), p-value b 10 −14 . The OASIS empirical threshold was ranked higher than LesionTOADS segmentation in 146 (95% CI: [135, 157] ) of the 189 cases or 77% (95% CI: [71%, 83%]). We nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for the rankings.
Validation Set 2: neuroradiologist rating results
To assess rater reliability among the 20 duplicated MRI studies, we calculated the intraclass correlation coefficient: 0.61 (95% CI: [0.69, 0.81]). The rankings for the LesionTOADS images and the OASIS empirical threshold were preserved in the duplicate rankings for 17 of the 20 images (95% CI: [14, 20] ). We nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for both the intraclass correlation coefficients and the rankings.
3.4. Validation Set 2: rater agreement with neuroradiologist, neurologist, and radiologist Table 5 contains summary statistics for the scores from the neuroradiologist, neurologist, and radiologist ratings of the three segmentations for the set of 50 studies selected to asses rater reliability. Fig. 5 shows a notched box plot for each rater of these findings. From the box plot we see that there is a statistically significant difference between the medians for all three segmentations for the neuroradiologist and neurologist. There was not a statistically significant difference in the medians of the scores for the three segmentations by the radiologist. Moreover, all three raters indicated that the OASIS Validation Set 1 segmentations and the LesionTOADS segmentations have a much lower first quantile than the OASIS empirical threshold segmentations. The outliers in the boxplots can be explained as either errors in processing, such as registration or bad artifacts, or as studies that none of the segmentation methods performed well on. We did not remove these studies from the analysis, because we want to assess the performance of OASIS in the setting of an image processing pipeline, where images may not be properly registered or may contain artifacts.
Again, we will focus mainly on the difference between the OASIS empirical threshold and the LesionTOADS segmentation. We performed a paired t-test to assess the difference in the means of the OASIS empirical threshold scores and the LesionTOADS scores. These differences can be found in Table 5 . The mean for the OASIS empirical threshold was greater than the mean for the LesionTOADS scores for all three raters. This difference was found to be statistically significant for both the neuroradiologist and neurologist, (p-values b 10 −4 and b 10 −3 , respectively), but not for the radiologist, (p-value 0.5). The neuroradiologist and the neurologist tended to spread their scores more, and this allowed better comparison of the segmentation algorithms. Table 5 also shows the percentage of time the OASIS empirical threshold was ranked higher than LesionTOADS segmentation in the 50 studies. We nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for the rankings.
To assess rater reliability among the 5 duplicated MRI studies, we calculated the intraclass correlation coefficient and the number of times the rankings for the LesionTOADS images and the OASIS empirical threshold were preserved. We nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for both the intraclass correlation coefficients and the rankings. For the neuroradiologist, the intraclass correlation coefficient for the 5 repeated studies is 0.55 (0.21, 0.82) and the number of preserved rankings is 4 (2,5). For the neurologist, 0.32 (− 0.10, 0.68) and 4 (2,5). For the radiologist, − 0.38 (− 0.35, 0.71) and 2 (0,4). The repeated rankings for each rater for the 5 subjects are reported in the Appendix.
We calculated the rater agreement for the ranking of the OASIS empirical threshold versus LesionTOADS. We decided to use the rankings of the scores to assess rater agreement rather than the scores themselves, because, as shown from the intraclass correlation coefficient, the scores are not very reliable, while the order in which the observers rank the segmentations, on the other hand, is quite reliable. We calculated the kappa statistic to assess the reliability of the rankings for each pair of raters and nonparametrically bootstrapped with replacement the subjects to produce the confidence intervals for the kappa statistics. The kappa statistic for the rater agreement between the neuroradiologist and the neurologist was 0.47 (0.20, 0.75), the neuroradiologist and radiologist 0.02 (− 0.26, 0.30) and the neurologist and radiologist −0.09 (−0.37, 0.19).
Discussion
OASIS may be used to assist or even replace manual segmentation of MS lesions in the brain. After training and adjustment of the population level threshold, our fully automatic method does not require With the OASIS model, a recalibration of the population-level segmentation threshold is necessary for each new data set but can be done on a fairly limited number of subjects, as in the example from this paper. A recalibration of the population-level segmentation threshold is necessary for each new data set but can be done on a fairly limited number of subjects, as in the example from this paper. A set of subjects is required to tune this population level threshold, therefore fully automatic segmentation of a single study from a new imaging center may not be feasible with the OASIS model. However, in these cases the threshold can be adjusted very quickly manually (2-5 min) by visual inspection of 3-4 slices by adjusting just one parameter. When using an ROC curve for classification, thresholds for subpopulations with different covariate values may need to be defined differently in order to keep false positive rates the same across those subpopulations (Pepe, 2003) . Therefore, it was expected that the ROC threshold would need to be adjusted to maintain the same false positive rate from Validation Set 1 in Validation Set 2. This threshold is the only tuning parameter in OASIS that must be adjusted when moving to a new data set, and this adjustment is very fast and intuitive to make and does not require multiple iterations of segmentations. We believe that OASIS holds promise for use in multicenter MRI studies, with adjustment of the population level threshold for each site.
Future work includes further validation of OASIS under changes in imaging center and protocol and to also show the reproducibility of the OASIS segmentations. One resource for this is the MS Lesion Segmentation Challenge (Styner et al., 2008) , a common database for MS lesion segmentation algorithms. We plan to do further validation with this database as well as with volumes from additional imaging centers. For this analysis we did not have scan-rescan MRI available.
These are crucial for assessing the reproducibility of the method, and we plan to acquire these in the future.
In contrast to many automatic segmentation techniques, OASIS is computationally fast. While training the model on the 131 studies from Validation Set 1 takes five hours on a standard workstation, this process is only conducted once. The results from this are summarized as the two sets of 21 coefficients in model [1] . Also, the model may be trained on fewer studies, as shown in the partial ROC analysis within Validation Set 1; the performance of the model remains stable when trained on subsets of 20 studies. Using this fitted model to generate a probability map of the entire brain from a set of new images takes only 30 min. These times are for standard workstations and are expected to drop dramatically with multi-core parallel computing and improved technologies. The Gaussian smoothing is the slowest step of the algorithm, and these computations can be parallelized to substantially decrease the time of the entire algorithm to approximately 5 min.
After making the image ratings for Validation Set 2, the neuroradiologist was unblinded and reviewed the three segmentations, providing comments about the strengths and weaknesses of each. The OASIS empirical threshold performed much better than the OASIS Validation Set 1 threshold. The neuroradiologist reported a preference for the smoothness of the OASIS segmentations in contrast to the LesionTOADS segmentation, which often appeared speckled. The OASIS segmentations often had artifacts in the pineal glands and the choroid plexus of the ventricles. This may be explained by the fact that OASIS was trained on FLAIR images acquired before a gadolinium-based contrast agent was administered to the patient, while the validation was done with FLAIR images that were acquired after gadolinium administration. Voxels in the choroid plexus and pineal glands, which enhance with gadolinium, were brighter and were thus misclassified as lesion. LesionTOADS does not make a similar error, as it imposes topological constraints that preclude these structures from being identified as lesions. Further refinements of OASIS may account for such complex changes of protocol. The LesionTOADS segmentations were more variable than those of OASIS and did not perform well on cases with low lesion load. The OASIS segmentation had systematic errors in the medial frontal cortex and the brainstem. On the other hand, LesionTOADS avoided false positives in the brainstem because it only segments lesions in the cerebrum. Fig. 6 shows a slice from a subject with an example of a lesion that OASIS segments in the cerebellum. Fig. 6A shows a single slice of the FLAIR volume, Fig. 6B shows a single slice of the T1-weighted volume, Fig. 6C shows the LesionTOADS segmentation of the slice, and Fig. 6D shows the OASIS segmentation of the slice. LesionTOADS does not segment the cerebellum, whereas OASIS does not restrict the areas that it segments and is able to find the lesion in this slice.
OASIS is not an atlas-based method and therefore does not take into account anatomical information during segmentation, such as tissue class. Further incorporation of anatomical information, such as the tissue class segmentations from LesionTOADS, may help to avoid lesions false positives in areas where we have prior knowledge that lesion presence is low and where OASIS made systematic false positives, such as the medial frontal cortex and the brainstem. Also, this could be used to help with the false positives in the pineal glands and the choroid plexus of the ventricles in the post-contrast FLAIR as these are areas where lesions do not occur in MS.
The smoothed images used in OASIS are similar to the use of smoothed images for inhomogeneity correction in MRI. For inhomogeneity correction, an image is smoothed to suppress the details of the image and then the original image is divided by this smoothed image in order to correct the image inhomogeneity (Axel et al., 1987) . Our method differs from this in that we do not divide the original image by the smoothed volume. Instead we use the smoothed volume as a covariate in our model. We also use multiresolution smoothed volumes, in contrast to just one smoothed volume for correction.
Other methods of capturing inhomogeneities may be used in the OASIS model as an alternative to the smoothed volumes. Alternative smoothers may be used instead of the Gaussian kernel and may be more appropriate in other applications. We decided to use the Gaussian filter because it is widely used, can be applied to any image, and is relatively computationally fast. The OASIS modeling framework is very flexible, however, and can be adapted for other methods of capturing the bias field and regional intensity variation.
We used the 15th percentile of FLAIR intensities in the brain to create the brain tissue mask. Other segmentations can be used to remove the CSF. We used the 15th percentile of FLAIR intensities because it is fast and performed well in this application. Lesions that are hypointense on FLAIR, because of high free water content, are not detected by OASIS. The method models only candidate voxels, the top 15% of voxels in the cerebral matter-masked FLAIR volume, to minimize the number of false positives. In the FLAIR volume, such lesions are characterized by hypointensities in the center of a lesion and hyperintensities around the edges. Therefore the center of the lesions is excluded from the candidate voxels. Future work includes expanding the OASIS model to segment these lesions. This could be done by fitting another OASIS model trained only on lesion voxels that appear hypointense in FLAIR lesions. The binary segmentations from the original OASIS model and this model could then be combined to produce a complete lesion segmentation.
Like other voxel-based methods, OASIS is sensitive to major misregistrations within an MRI study. However, in part because it incorporates spatial smoothing, OASIS is not sensitive to minor errors in registration. By simultaneously comparing data from multiple sequences and only considering candidate voxels, OASIS is able to distinguish between artifacts and lesion.
OASIS uses a voxel-level model for assessing the outcome. The assumption of independence between voxels is imperfect, as lesions consist of clusters of voxels. In this work we use smoothing in the smoothed volumes and smoothing of the predicted probabilities of the model to incorporate the spatial nature of the data. Nevertheless, further incorporation of neighboring voxel information is warranted.
